Abstract-Electric vehicles provide an opportunit y to reduce fossil fuel consumptions and to decrease the emissions of green house gas and air pollutants from the transport sector. The adoption of a large number of plug-in electric vehicles however imposes significant impacts on the power s y stem operation due to uncertain charging and discharging patterns. In this paper, multiple charging and discharging scenarios of electric vehicles together with the grid integration of renewable energ y sources are examined and evaluated within the unit commitment problem. A quantum-inspired binar y particle swarm optimization method is emplo y ed to determine the on/ofT status of each unit. Compara tive studies show that the off-peak charging and peak discharging scenario is a viable option to significantl y reduce the economic cost and to complement the renewable energ y generation.
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I. IN TRODUCTION
Transport electrification is a key measure to reduce depen dency on fossil fuels. It is also a promising solution to reduce green-house gas (GHG) emissions and other air pollutants such as NOx and sax produced by internal combustion engines (ICEs) [1] . Electric vehicles (EV s) use electric motors to partly or completely replace the ICE and therefore see low or no fossil fuel consumption as well as reduced tailgate emissions [2] . There are three main types of EVs including pure battery electric vehicle (BEV), hybrid electric vehicle (HEV) (mainly referring to the none plug-in EVs), as well as plug-in hybrid electric vehicle (PHEV) [3] . One of the crucial problems associated with the potential high penetration of Plug-in EVs (PEVs) i.e. BEVs and PHEVs, is that the power system load is likely to fluctuate unpredictably due to the simultaneous charging or discharging of a large number of PEVs [4] . This load fluctuation challenges traditional power system operation associated with renewable energy sources [5] and increases the economic and emission cost [6] .
As an important step in power system operation, the unit commitment (UC) is a large scale non-convex mix-integer optimization problem. The on/off status of each unit and the delivered power of online units need to be simultaneously 978-1-4799-1959-8/15/$31.00 @2015 Crown determined to minimize the generation cost. Numerous meth ods have been proposed to tackle the UC problem includ ing conventional methods such as priority list [7] , dynamic programming [8] , Branch and Cut algorithm [9] , Lagrangian relaxation [10] . Other methods include meta-heuristic methods such as simulated annealing [11] , genetic algorithm [12] , binary particle swarm optimization (PSO) [13] and quantum inspired binary algorithms [14] . There are also some hybrid method including Lagrangian relaxation combined with evo lutionary programming [15] and evolutionary algorithm [16] , etc. Though a number of methods have been proposed to optimise the UC problem, it remains intractable to balance due the computational time and the result refinement. The UC problem becomes even more challenging when a large number of EVs are integrated into the system. In addition to traditional thermal units and predicted loads, the aggregation of a large number of PEVs would act as both a large load when being charged and a distributed generator unit when being discharged. Some studies [l7], [18] consequently introduced PEVs into the UC optimization procedure to evaluate the economic and environmental impacts of PEV charging and discharging within the conventional UC problem. Different PEV charging and discharging scenarios have shown significant impact on the cost [19] , yet very few publications have comparatively evaluated the difference of PEVs charging and discharging strategies within the UC problem. In this paper, multiple PEVs scenarios including four different charging-only scenarios, two different discharging only scenarios, two charging and discharging combination scenarios, as well as PEV s charging and discharging combined with renewable energy sources are comparatively studied in the UC problem, which is now called as the PEVUC problem. In this analysis the binary on/off problem in UC is solved using a quantum inspired binary PSO [20] .
II. PROBLEM FORMUL ATION
The new PEVUC problem aims to minimize the economic cost by determining the binary on/off status of each generation unit, and the expected generated power to be generated by each unit with 'on' status, while meeting generation limit, power demand limit, spinning reserve limit, minimum up/down limit and some other system constraints.
A. Objective function
The economic cost of a generation unit is composed of two parts, namely a quadratic formulation representing the fuel cost with binary unit status, and a piece-wise formulation referring to the start-up cost.
1) Fuel cost:
The fuel cost function is a quadratic formu lation determining the fossil fuel economic cost, (1) where Pj,t and Fj,t denote the determined power and fuel cost of the jth unit in the t time interval. aj, bj and Cj are the fuel cost coefficients of the corresponding unit.
2) Start-up cost: Once a unit is de-committed, it needs to be reheated for restarting. 
In this paper, we use M DTj and MUTj to denote the minimum down time and minimum up time for a off/on unit to re-conunit/de-cOlmnit. The duration of the off-line status for the jth unit is denoted as TO F Fj,t.
The final objective function is composed of the two parts above, associated with the binary variables Uj,t to denote the on/off status for the j -th unit in the specific time slot, T n min L L[ Fj(Pj,t)Uj,t + SUj,t(1 -uj,t-duj,t (3) t= l j =l It should be noted that the start-up cost is related to the current on-line or off-line status of a unit, and this cost is only incurred when a unit needs to start.
B. Constraints
Associated with the objective function, several system con straints due to physical nature and power system mechanism should be considered, including generation limits, power de mand limit, spinning reserve limit, and minimum up/down limit, etc. It should be noted that some constraints such as the ramping rate and valve point effect in the economic dispatch step [21] , [22] are not considered in this paper 1) Generation limit: Each of the generation unit is limited by the minimum and maximum power outputs. The generation power needs to be dispatched within this range:
Uj,tPj,min ::; Pj,t ::; Uj,tPj,max (4) where Pj,min, Pj,max represent the minimum and the maxi mum power limits respectively.
2) Power demand limit: Power demand is a predicted load that needs to meet. In another word, the total generated power of all the on-line units should balance the system load demand. In the PEVUC model, we consider both thermal generation units and renewable energy sources including wind power, photovoltaic (PV) power and PEV discharging. The power demand balance equation is denoted as:
where the PWind,t and PPV,t are predicted wind power and PV generated power respectively, and PD,t is the predicted power demand at time t. N jseh and N �h denote the number of PEV discharging and charging at time t. Assume that the charging power and discharging power of a PEV are the same, we could measure the PEV vehicle to grid (V2G) power simply by calculating the difference of the numbers of discharging and charging PEVs.
3) Spinning reserve limit: The power demand is a predicted value, which is accurate in accordance with the actual user de mand. The spinning reserve limit is designed to reserve enough power output ability to timely compensate this deviation to guarantee the safety and flexibility of the grid,
As in the equation (6), SRt is the spinning reserve amount at time t. The generation ability is calculated as the sum of the maximum power output of on-line thermal units and the predicted renewable energy sources. 4) Minimum up/down time limit: Thermal units need to be heated and cooled after de-committed or cOlmnitted, therefore enduring a minimum up or down time. As denoted in (7), if the on-line duration of a unit TONj,t-1 is less than the minimum up time, the unit status Uj,t needs to be forcedly turned on, and vice versa.
All of these limits should be handled in the optimization procedure which will be addressed in section III.
III. PROPOSED APPROACH
The PEVUC problem is a mixed-integer non-linear problem. It can be solved successively by a binary optimisation method followed by a quadratic programming method. In this paper, a quantum-inspired binary PSO (QBPSO) is employed to solve the binary problem, followed by the stochastic quadratic programming (SQP) to solve the constrained quadratic pro grarmning problem.
A. Quantum-inspired binary PSO Quantum-inspired computing utilizes a quantum bit (Q-bit) to store the state information. Other than normal bit states, the Q-bit could be in state '0', state '1' or in any superposition of these two states [23] . The Q-bit is illustrated as follow, 1\lJ) = a lO) + ;311) (8) where a and (3 are complex numbers representing the cor responding probability amplitudes of each states. The two numbers are constrained by a normalization as: (9) where the sum of square value of the two complex number is 1. Han and Kim [23] designed a Q-bit individual as a string of many m Q-bits as, (10) where l a j l 2 + l(3 j l 2 = 1, j = 1 , 2"" , m. A rotation gate is used as the operator to update the Q-bit probability amplitudes, denoted as: (11) where t::. Bj is a rotation angle to adjust the probability of each gates.
To solve the UC problem, the quantum-inspired computing have been integrated with the evolutionary algorithm [14] , particle swarm optimization [20] and gravitational search algorithm [24] etc. The quantum-inspired particle swarm op timization is determined by a PSO logic evolutionary process:
where the B is the magnitude of rotation angle, and Xij is the j-th specific vector position of the i-th variable Xi. X� and xI are the vector positions of local best and global best particles. II i and 1 2 i are coefficients determining the accelerate direction and speed of the rotation angle calculated as:
{a,
where the Pbesti and Gbest are the local best and global best particles respectively. On the other hand, the magnitude of rotation angle B decreases inertially from Bmax to Bmi n as:
ztermax where itermax is the maximum number of evolutionary iter ation, while k is the current iteration number. The Bmax and Bmi n are experimentally set as 0.051f and 0.0011f respectively [20] .
With the updating process of the rotation gate, the Q-bit state probability amplitudes are adjusted as: 
where rnij is a random number. When the square value of (3 ij is larger than this number, the unit would be committed.
B. QBP SO for solving PEVUC problem
To solve the mixed-integer non-linear PEVUC problem, the QBPSO is employed to determine the binary status of units in all time periods. The quadratic economic dispatch problem is embedded within the binary optimization procedure and solved using the MATLAB SQP toolbox. The system constraints must also be managed using the procedure given below: It should be noted that the constraints handling methods are taken from [18] and [20] . Using the proposed method, we can analyse different charging and discharging scenarios of PEVs in the conventional UC problem to assess the economic impact of PEV charging on the power system operation.
IV. MULTIPLE PEV CHARGING AND DISCHARGING
In this section, multiple PEV charging and discharging modes are investigated to compare their impacts on the power system. These include four different charging-only modes, two discharging-only modes, charging and discharging mode, and charging and discharging combining the renewable energy supply mode.
A. Charging-only: Four PEV charging modes
In our previous study [25] , four different PEV charging scenarios including the EPRI charging profile, an off-peak charging profile, a peak charging profile, as well as stochastic charging profile are compared in terms of the economic load dispatch problem as shown in fig IV- A. These four charging profiles assume that all the PEVs need to be charged, and the load is manually allocated to 24-hour period of time. The discharging of PEV is neglected in the charging-only modes. fig IV- A, the EPRI charging profile is referred to an environmental report of PEVs [26] by the Electric Power Research Institute. This scenario assumes that the majority of the charging power for PEVs is distributed to the night hours during 22:00 pm to 4:00 am followed by an sub-peak at noon time. Here it is assumed that that PEV users will charge their cars at night when asleep and before they leave work in the afternoon.
1) EPRI charging profile: As shown in blue in
2) Off-peak charging profile: As shown in red in fig. IV -A, off-peak charging profile is an ideal charging distribution that allocates all the power within a 8-hour off-peak period from 23:00 pm to 06:00 am. Three charging levels are employed which last for 4 hours, 2 hours and 2 hours respectively [27] .
3) Peak charging profile: The peak charging profile, as shown in green line in fig. IV -A, delivers all the charging power during peak load time starting from 12:00 pm to 20:00 pm [27] . This scenario means to become a benchmark for examining the worse situation due to inappropriate charging allocation.
4) Stochastic charging profile:
In this scenario it is assumed that PEV charging time will be largely uncertain assuming PEV users will charge at will. Thus a stochastic charging profile has been designed as showed in purple in the fig. IV -A, illustrating a charging time allocation delivered randomly within one day period.
B. Discharging-only: two PEV discharging modes
Similar to the charging scenarios, it is assumed several discharging scenarios. Furthermore, the charging power is assumed to be provided from the renewable energy [18] . Therefore, PEVs only act a as net load and as embedded distributed generators to feed battery power back into the grid.
1) Off-peak discharging profile: The off-peak discharging profile employs the same probability distribution but in the reverse energy direction as the off-peak charging, to provide power back to the grid in the evening during off-peak load time. Generally speaking, it would be inappropriate to dis charge during the load valley as this would further deepen the valley and cause more de-commitment of generating units including renewable energy. This profile is designed to investigate the consequence of various discharging behaviours.
2) Peak discharging profile: Similarly, the peak discharg ing profile allocates discharging time according to the peak charging probability distribution. That is, discharging for PEV s starts from 12:00 pm at the noon and lasts for 8 hours. The peak discharging profile may help to shave the peak load and eases the pressure on generation units to meet the peak load demand.
C. Charging and discharging mode
To combine the charging and discharging modes, two sets of charging and discharging profiles are employed in two extremes. One charges at off-peak and discharges at peak time, while the other charges at peak times and discharges at off peak times.
1) Off-peak charging and peak discharging profile: In this profile, the off-peak charging and peak discharging profiles are combined. A certain number of PEVs are assumed to be charged and discharged. The load peak will be shaved and the load valley will be filled.
2) Peak charging and off-peak discharging profile: On the other hand, the peak charging and off-peak discharging profiles are combined to show the worst case scenario, which strongly deteriorates the mismatch of generation and demand, and allows a comparison of the economic implications of these scenarios within the UC framework.
D. Renewable energy source with charging and discharging mode
In addition to conventional thermal units, wind power and solar power are considered to take more of a share of electricity generation. We utilize the wind and solar data from [28] listed in Table I and II as follows: In terms of the charging and discharging configuration in this mode, we compare the profile of off-peak charging and peak-discharging and the profile of peak charging and off-peak discharging both associated with renewable generations. Note that for the purposes of this analysis, the economic cost of renewable energy generation is neglected. Time (h) 14 19 Fig. 1. Multiple EY load types 
V. EXPERIMENTAL RESULTS AND ANALY SIS
In this section the four different cases including all the charging and discharging modes discussed in the previous section are integrated with-in a lO-unit benchmark test system. The data and parameters of the lO-unit system can be referred to [20] .
A. Case 1: Unit commitment with multiple PEV charging load-only
In this case, the four profiles of PEV charging are integrated in the lO-unit benchmark test system respectively to provide extra power demand. 50000 PEVs are assumed in the test sys tem, and the average battery capacity (pv) = 15 kWh. The total charging power is calculated as 50000 x 0.015 = 750MW and allocated to different time slots as the extra loads according to the charging profiles. In terms of the QBPSO optimisation parameters, the number of particles in a population is set as 30 and the maximum iteration iter max is 500. The initial 0: and (3 are 1/ V2. The simulation results of off-peak and peak charging scenarios are listed in table III and IV.
From the off-peak charging UC results, it could be observed that when the PEV s get charged in the evening, the existing on-line units Ul and U2 are cheap units, which are sufficient to provide extra power necessity for charging PEVs.
From the off-peak charging UC results, compared with the off-peak charging, the PEV charging loads are provided mainly by expensive units U6-U9 due to the fact that the cheap units UI-U5 are dispatched in maximum capacity status. Especially at 13:00, all the units are on-line, while U6 and U9 are conunitted to share the majority of the extra PEV load. The off-peak charging scenario costs 579,890$ per day which is 4285$ less than the peak charging scenario per day. Additionally, the table V shows the results of four charging scenarios in the lO-unit UC problem. The off-peak profile is taken as the basis scenarios and deviation are calculated by using the other three profiles minus the off-peak profile. It could be observed that off-peak PEV charging profile costs the least compared with the other three profiles. Taking the best profile as the reference, the EPRI profile and the stochastic profile see 0.50% and 0.61 % more cost respectively. The peak charging profile costs the most among these four enduring 0.74% more cost than the best profile.
B. Case 2: Unit commitment with PEV discharging-only
In the discharging only scenarios, all the 50,000 PEVs are assumed to be charged by renewable energy, and able to be discharged back to the grid at most of 50% of total PEV s. The full discharging power from the PEV s is calculated as 50 , 000 x 0.015 x 0.5 = 375MW. This power is distributed by two modes, namely peak discharging and off-peak discharging respectively as discussed in the previous section. The function evaluations of the optimization is the same with case 1. The commitment results are shown in Table VI discharging save 1,062 $/day, e.g. 0.19% less than the off peak time charging profile. This is also due to that expensive units are less committed with the reduction of peak load.
C. Case 3: Unit commitment with both PEV charging and discharging
It is necessary to comprehensively consider the combination of vehicle to grid and grid to vehicle scenarios. As described in the charging and discharging mode, we consider two sets of PEV charging scenarios: one combines the peak time charging and off-peak time discharging, the other combines the off-peak time charging and peak time discharging. According to the previous cases, the total charging power is 750 MW while the total discharging power is 375 MW, and both of these powers are distributed during different hours respectively. The QBPSO optimization parameters are selected the same with case 1. The simulation results are shown in table VII. It can be observed that the better choice is the off-peak charging and peak discharging profile, which combines the two best profiles in the previous two cases. In terms of the cost, the worse partners are the peak charging and off-peak discharging, costing almost 6000 $/day more than the best profiles combined.
D. Case 4: 10 Units with PEV charging/discharging and renewable energy sources
In this case, the renewable generation is considered in addition to the scenarios in case 3. The renewable generation cost is neglected while the generation data is referred to table I and II. The simulation result is shown in Table VIII The result shows that with the introduction of renewable generation, the economic cost gap is enlarged to 9,433 $/day. It can be concluded that the renewable participants make the power system more sensitive to the load shifting. Thus controlled PEV charging and discharging profiles have great potentials to cooperatively work with renewable generation units for further reduction of the operation cost.
VI. CONCLUSION AND FUTURE WORKS
The wide-spread adoption of EVs will introduce both sig nificant uncertainties as well as opportunities to the power system. It is a great risk to ignore this challenge and to give no considerations to the opportunities as well as the threats. In this paper, a lO-unit UC problem is assessed, combining multiple PEV charging and discharging scenarios including charging only mode, discharging-only mode, charging and discharging mode, and charging and discharging combined with renew able energy generation mode. Different PEV scenarios are comparatively studied and the UC problem is solved using a quantum-inspired binary particle swarm optimization method. The results show that to charge PEVs during off-peak time and The UC problem is an old intractable optimization problem for power system operators, and the introduction of PEV s and renewable generations brings considerable complexities to this conventional mathematical problems. This will become even more complex with the addition of embedded generations and demand side participation of smart domestic appliances and heating loads. This calls for new optimization algorithms to fast and accurately search the optimum UC and dispatch solutions in order to reduce the fossil fuel consumptions, avoid poor thermal plan operation, reduce grid congestion and reduce GHG emissions.
